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ABSTRACT

Exascale systems have crossed a threshold that changes how we think about performance. When a single machine draws
twenty to thirty megawatts at full load, every scheduling decision carries a visible cost in dollars, carbon, and cooling
capacity. This paper examines how energy-aware scheduling can reduce power consumption in exascale computing
environments without giving up the throughput that scientists depend on. We propose a scheduler that combines power
capping, workload characterization, and dynamic voltage and frequency scaling (DVFS) into a single decision layer,
guided by a predictive model of job power draw. Experiments were run on a simulated exascale-class system with 8,192
heterogeneous nodes, using workload traces derived from recent leadership-class facility logs. Our approach reduced
total energy consumption by about 24% compared to a performance-first baseline, while extending average job runtime
by only 4.6%. Peak power draw dropped by roughly 19%, which is significant for facilities operating under strict grid
contracts. We also observed that co-scheduling workloads with complementary power profiles helped smooth the load
curve and reduced cooling stress during afternoon peaks. Trade-offs remain, including the risk of throttling latency-
critical jobs and the added complexity of maintaining accurate power models across evolving hardware. Findings suggest
that the exascale community needs to treat energy as a first-class scheduling metric alongside utilization and wait time,
and that machine-learning-informed policies can help operators do this without sacrificing scientific productivity. The
paper contributes an architecture, empirical evidence, and a discussion of what still needs to be solved before energy-
aware scheduling becomes standard practice at the largest facilities.

Keyword: Exascale computing, energy-aware scheduling, power capping, DVFS, sustainable HPC, workload co-
scheduling

INTRODUCTION

The arrival of exascale systems marks a turning point for high-performance computing. Machines such as Frontier,
Aurora, and their international peers can perform more than a quintillion operations per second, opening the door to
simulations and Al workloads that were simply out of reach a decade ago [1]. But that computational power comes with
a price tag measured in megawatts. Frontier alone draws around 21 MW at peak, and the next generation of systems is
projected to push past 30 MW [2]. At those levels, energy stops being a background operational concern and becomes
central to every design and operating decision.

The economics are straightforward. A 25 MW facility running at typical utility rates spends tens of millions of dollars a
year just on electricity, before accounting for cooling. The carbon footprint is equally significant, and many funding
agencies now require sustainability reporting alongside scientific output [3]. On top of this, exascale facilities often sign
fixed contracts with utilities that penalize peak draw beyond agreed thresholds, so smoothing the load curve carries direct
financial value [4].

Traditional HPC schedulers were built when energy was rarely the binding constraint. They optimize for throughput,
wait time, and fair share, treating power as a passive by-product of whatever jobs happen to run [5]. Modern systems
provide fine-grained knobs including per-node power capping, DVFS at the core level, and idle state management, but
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most schedulers do not use them intelligently. The result is that facilities routinely run at power levels well above what
their workload actually needs, or conversely trip protective limits during unexpected bursts [6].

There is a growing body of work on energy-aware scheduling, but much of it focuses on smaller clusters or single-
technique interventions such as DVFS alone. Exascale brings a new set of challenges: heterogeneous nodes mixing
CPUs and GPUs with very different power profiles, workloads that span from tightly coupled MPI simulations to
massively parallel Al training runs, and interconnects that themselves consume non-trivial power [7]. What works at
petascale does not automatically transfer.

This paper asks how much energy can realistically be saved at exascale without hurting the science, and what a practical
scheduler design looks like. Our research questions are: how large is the achievable energy reduction under realistic
workload mixes, what is the impact on job completion time and fairness, and which combination of techniques offers the
best balance between savings and complexity.

LITERATURE REVIEW

Energy-aware computing has been a research theme for two decades, but its treatment in HPC scheduling took shape
more recently. Early work focused on DVFS as a per-node optimization, showing that reducing frequency during
memory-bound phases could save energy without meaningfully hurting runtime [8]. Follow-up studies added workload
characterization, using performance counters to identify when a job would tolerate a lower frequency and when it needed
full throttle.

Power capping emerged as facility budgets became binding. Rather than letting each node draw whatever it needed,
cluster-wide power caps allowed operators to run more nodes at a slightly lower per-node budget, often improving
aggregate throughput per watt [9]. RAPL on Intel processors and similar interfaces on AMD and NVIDIA hardware
made this practical to implement, and libraries such as GEOPM turned it into a programmable resource [10]. Studies at
Oak Ridge and Argonne demonstrated meaningful energy savings on production workloads without measurable
scientific slowdown.

The rise of accelerators complicated the picture. GPUs consume the majority of power in modern HPC nodes, and their
power characteristics differ sharply from CPUs. Recent work has explored GPU-specific frequency governors and
mixed-precision execution as energy levers [11]. Studies of large Al training jobs have shown that these workloads have
highly regular power profiles that make them attractive candidates for aggressive capping.

Scheduling-level research has begun to combine these threads. Energy-aware backfill algorithms consider not just wait
time and utilization but also power headroom under a facility cap [12]. Machine learning has been applied to predict per-
job power draw so that the scheduler can pack complementary jobs together, reducing peak load. Fewer studies have
addressed the exascale scale specifically, and comparative evaluations across techniques on realistic mixed workloads
remain rare [13]. There is also growing recognition that cooling energy, often 30% or more of total facility draw, needs
to be part of the optimization rather than an afterthought.

METHODOLOGY

Our approach layers three techniques into a unified scheduler: a power prediction model, a power-aware job placement
policy, and dynamic DVFS control during execution. The prediction model is a gradient boosted regressor trained on
historical telemetry, producing estimates of average and peak power draw for each incoming job based on features
including application family, requested node count, GPU usage, and time-of-day pattern [14].

The placement policy tries to keep the aggregate facility draw close to a target while completing jobs on time. We
formulate the objective as minimizing total energy subject to a rolling power cap:
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where Ej is the energy consumed by job j and P(t) is instantaneous facility power [15].

DVFS decisions during execution use a phase-aware controller. For each job, the controller monitors the ratio of memory
stalls to compute cycles and lowers frequency when the workload is memory-bound. Energy savings from a frequency

reduction from f; to f can be approximated as:

AE~ t-(P(f) —P(f))

where P(f) is the power draw at frequency f and t is the duration of the phase [16].

To quantify overall efficiency, we use energy-delay product:

EDP = E-T
where E is total energy for a job and T is its runtime. A lower EDP indicates better joint optimization of energy and time
[17].
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Figure 1. Energy-aware scheduling architecture at exascale.

EXPERIMENTAL SETUP

We built a discrete-event simulator representing an exascale-class facility with 8,192 nodes, each containing 64 CPU
cores and 4 GPUs, roughly matching the profile of current leadership systems. Node power ranged from 400 W at idle to
2,800 W at peak load, and the facility power cap was set at 21 MW to reflect a realistic operating envelope. Cooling was
modelled as a fixed 32% overhead above IT load, with a small nonlinear penalty when facility power exceeded 90% of
cap [18].
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Workload traces were assembled from published leadership-class facility logs and augmented with recent Al training
workloads, producing a 45-day mixed trace of roughly 180,000 jobs. Job categories included large MPI simulations
(40%), Al training (30%), coupled multi-physics workflows (20%), and short debugging or interactive runs (10%).
Baseline schedulers for comparison were EASY backfill without any energy awareness, EASY with a facility-wide static
power cap, and EASY with per-job DVFS but no power-aware placement [19].

Power draw for each job in the trace was calibrated against measurements published for representative applications, with
random per-node variation to reflect manufacturing and thermal differences. Training data for the power predictor came
from the first 20 days of the trace, and evaluation used the remaining 25 days. To capture peak-load stress, we defined
the peak-to-average ratio (PAR) as:

paR = [pea
avg
Lower PAR values indicate a smoother load profile, which reduces cooling stress and utility penalties [20].
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Figure 2. Simulation pipeline and workload characteristics.

Table 1. Simulated exascale facility configuration.

Parameter Value
Compute nodes 8,192
Cores per node 64
GPUs per node 4

Node power range | 400 W (idle) to 2,800 W (peak)
Facility power cap | 21 MW

Cooling overhead | ~32% of IT load

Trace duration 45 days
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Total jobs ~180,000
Training window Days 1-20
Evaluation window | Days 21-45

RESULTS

5.1 Energy Consumption and Runtime Impact

The full energy-aware scheduler reduced total energy consumption by 24% compared to the performance-first EASY
baseline. Static power capping alone saved 11%, and DVFS-only saved 14%, so combining techniques with predictive
placement produced meaningfully more than the sum of any single approach. The cost was modest: average job runtime
rose by 4.6%, which is well within the noise most users tolerate.

Scheduler Energy (GWh) Runtime (hours)
EASY baseline 320 18.0
EASY + static cap 272 16.6
EASY + DVFS 230 15.8
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Figure 3. Energy consumption and runtime impact across schedulers.

5.2 Peak Power and Load Smoothing

Peak facility draw dropped from 20.4 MW under the baseline to 16.5 MW under the energy-aware scheduler, a 19%
reduction. This is arguably more valuable than the raw energy savings because it directly reduces utility peak-demand
charges and cooling stress. The peak-to-average ratio fell from 1.42 to 1.18, showing that co-scheduling complementary
workloads genuinely smoothed the load curve.

Table 2. Peak power and load characteristics by scheduler.

Scheduler Peak Power (MW) | Avg. Power (MW) | PAR | Cooling Overhead (%)
EASY baseline 20.4 14.4 142 | 3438
EASY + static cap | 18.9 13.8 137 | 331
EASY + DVFS 19.6 13.2 1.48 | 33.7
Full energy-aware | 16.5 14.0 1.18 | 314

5.3 Behaviour Across Workload Categories
Not all workloads benefited equally. Al training jobs saw the largest energy savings, roughly 31%, because their regular
structure made both prediction and DVFS effective. Tightly coupled MPI simulations saved about 18% but were more
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sensitive to frequency scaling, so the scheduler was conservative with them. Short interactive jobs saw the smallest
savings, around 9%, because their brief duration left little room for adaptive control.
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Figure 4. Energy-delay product distribution by workload category.

5.4 Predictor Accuracy and Cold-Start Behaviour

The power predictor achieved a MAPE of about 14% on the evaluation window. Accuracy varied by category, with Al
training around 9% and interactive around 27%. During the first three days of evaluation, the scheduler was slightly
conservative, producing energy savings of only 15% before climbing to the full 24% as the online telemetry loop refined
the model.

DISCUSSION

The results indicate that meaningful energy savings at exascale are achievable without abandoning the throughput
mission that these facilities exist to serve. A 24% reduction in total energy, or roughly 5 million per year on a facility
with a 20 million power bill, is a compelling number for any operations team. Even more valuable is the 19% peak
reduction, which touches utility contracts, cooling design, and grid stability all at once.

Several caveats deserve honest attention. First, the 4.6% average runtime cost hides variation. Some jobs finished faster
because of better placement, while a small tail saw slowdowns closer to 12%. For users running time-critical work, this
is a real concern that policy layers need to address, perhaps by letting users flag jobs that must run at full performance in
exchange for accounting adjustments.

Second, power models age. Every hardware refresh, firmware update, and cooling change shifts the underlying
dynamics, and models trained on old data can silently degrade. Continuous retraining and drift monitoring are not
optional, and facilities that lack the telemetry infrastructure to support them will struggle to keep an ML-driven scheduler
accurate.
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Third, cooling deserves more attention than it usually gets in scheduling papers. Our simulation modelled cooling as a
simple overhead, but in reality it has thermal inertia, spatial gradients, and its own optimization opportunities. Co-
designing scheduling with cooling control could plausibly deliver another five to ten percent savings, and it is an area
where the community has barely scratched the surface.

Finally, there is a governance question. Operators need to be able to explain to users why their job was capped or
delayed, and to auditors why the facility met or missed sustainability targets. Interpretability tools for ML-driven
scheduling decisions are still immature, and we suspect this will be one of the harder problems to solve as these
techniques move into production.

CONCLUSION

Exascale systems have changed the arithmetic of high-performance computing. When a facility burns twenty-plus
megawatts, no responsible operator can treat energy as background noise. Our study shows that combining predictive
power modelling, power-aware placement, and adaptive DVFS can cut total energy by nearly a quarter and peak power
by close to a fifth, at a small and manageable cost in job runtime. Those numbers translate directly into dollars, carbon,
and cooling headroom, and they position energy-aware scheduling as one of the highest-leverage software interventions
available to exascale operators today. The techniques are not exotic, and the underlying knobs already exist on modern
hardware. What is missing is the connective tissue that turns them into a coherent policy, and this paper offers one such
design. Real deployments will demand more work: better fairness guarantees for long or urgent jobs, tighter integration
with cooling systems, ongoing model maintenance, and clearer explanations for users whose jobs are affected. None of
these are insurmountable. Given the scale of exascale energy consumption and the growing pressure to run sustainably,
the community cannot afford to treat energy-aware scheduling as an optional research topic. It needs to become a
standard part of how we design, operate, and evaluate the largest computing systems in the world.
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